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Motivation

A fundamental limitation of current normalization techniques Is their

rellance on rigid, fixed normalization set sizes, which hinders

adaptabllity to diverse or evolving statistical distributions.
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Spatial Group Adaptation

Our Dynamic Group Normalization (DGN) - first adaptive framework that
@ Dynamically forms channel groups based on statistical awareness.
€O Adapts across spatial and temporal dimensions.

@ Integrates offline regrouping with online learning.

Red — vanilla GN, Green — our proposed DGN
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Method
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Channel Groups’ Re-assignment

Number of groups K = {C ¢ ‘ C — total number of channels, G4, - Initial default

Gdef
group size.
: 1 G 2 1 G
Intra-group variance o = G2 Sk (e — ) uk=@2|c ek

A dynamic variance threshold 6%,,.s, = precentile (o, p), p €[0,1]

Groups for reassignment Gussign= {Gk|0% > Othresn, VK €{1,2...K}}
Channel candidates for regrouping F gssign = {{fak\]l(k € Gassign) = 1}}

Group bounds — L, = {(1 —a) - CGdef‘, H, = {(1 + a) - CGdef‘ , a €(0,1)

Final Group Normalization: ConstrainKMeans(FaSS,-gn, Ly, Hk) U Gynassign
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SOTA Performance imageNet / CIFAR-100
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Preserving Minority-Class Features
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Robustness to Out-of-Distribution (OOD) and corruptions

Data Metric Model DGN GN
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Conclusions

DGN is the first normalization method to dynamically optimize group sizes and
compositions through statistical awareness. By adapting to both spatial and
temporal data variations, DGN preserves minority-class features, improves
robustness to out-of-distribution inputs and corruptions, and delivers state-of-
the-art performance.
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